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In medical imaging, multiple sclerosis (MS) lesions can lead to confounding effects
in automatic morphometric processing tools such as registration, segmentation and
cortical extraction, and subsequently alter individual longitudinal measurements. Multiple
magnetic resonance imaging (MRI) inpainting techniques have been proposed to
decrease the impact of MS lesions in medical image processing, however, most of these
methods make the assumption that lesions only affect white matter. Here, we propose
a method to fill lesion regions using the patch-based non-local mean (NLM) strategy.
The method consists of a hierarchical concentric filling strategy after identification of the
lesion region. The lesion is filled iteratively, based on the surrounding tissue intensity, using
an onion peel strategy. This concentric technique presents the advantage of preserving
the local information and therefore the continuity of the anatomy and does not require
identification of any a priori normal brain tissues. The method is first evaluated on 20
healthy subjects with simulated artificial MS lesions where we assessed our technique
by measuring the peak signal-to-noise ratio (PSNR) of the images with inpainted lesion
and the original healthy images. Second, in order to assess the impact of lesion filling on
longitudinal image analyses, we performed a power analysis with sample size estimation
to evaluate brain atrophy and ventricular growth in patients with MS. The method was
compared to two different publicly available methods (FSL lesion fill and Lesion LEAP)
and a more classic method, which fills the region with intensities similar to that of the
surrounding healthy white matter tissue or mask the lesions. The proposed method was
shown to exceed the other methods in reproducing the fidelity of healthy subject images
where the lesions were inpainted. The method also improved the power to detect brain
atrophy or ventricular growth by decreasing the sample size by 25% in the presence of
MS lesions.
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INTRODUCTION
Multiple sclerosis (MS) is a chronic autoimmune disease that affects the central nervous system
(CNS) and presents different clinical variants but it usually starts with a relapsing remitting phase
(RRMS). The underlying neuronal pathology of a relapse consists of attacks of the myelin and
creates focal inflammation leading to lesions in both white matter (WM) and gray matter (GM)
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and can ultimately lead to demyelination, gliosis and axonal loss.
Quantification of MS lesions, also known as plaques, is often
used in clinical studies as a marker for disease burden because
they are visible on conventional magnetic resonance imaging
(MRI) (Fazekas et al., 1999). In addition, MRI enables the
exploration of the morphological differences. In MS, structural
segmentation (i.e., tissue classification, Zijdenbos et al., 1998)
and voxel-wise analysis [i.e., voxel-based morphometry (VBM;
Prinster et al., 2006; Lansley et al., 2013)] or deformation
based-morphometry (DBM; Tao et al., 2009) have been used to
measure these differences. These tools have been used to assess
longitudinal changes of anatomical structures (Nakamura et al.,
2014) or normal appearing brain tissue (NABT; Sanfilipo et al.,
2006). However, MS lesions can swell, shrink and disappear over
weeks or months depending on the pathological activity and
evolution of the disease (Rovira et al., 2013). These longitudinal
changes affect their appearance on MRI and thus can potentially
affect image processing tools such as registration (Brett, 2001;
Meier and Fisher, 2005) and tissue classification (Nakamura and
Fisher, 2009; Chard et al., 2010), and may lead to longitudinal
inconsistencies.
In order to remove the variability due to MS lesions, various
approaches have been proposed. Depending on the application
and the final objective, after identification of the region of interest
(ROI), it is possible either to remove (“Mask-out”) or to replace
these voxels with potential NABT intensity values. Masking-
out MS lesion has shown some limitations in the context of
longitudinal brain atrophymeasurements (Battaglini et al., 2012).
Lesion filling or inpainting strategies consist in replacing or
synthesizing voxel values within the region of the MS lesion by
representative NABT values. A variety of approaches have been
proposed in the literature. Sdika and Pelletier (2009) described
three different inpainting strategies: basic, local white matter
(LWM), and global white matter inpainting. Basic inpainting
was inspired from Telea (2004) and consists in propagating the
local average of the outer region toward the inner region of
the lesion mask equivalent to an onion peel strategy. Local white
matter inpainting uses a prior tissue classification of the NABT
to fill the lesion with the local normal appearing WM (NAWM)
intensity average. Global white matter inpainting fills the lesion
region with the global intensity average of the NAWM obtained
from the tissue classification. Chard et al. (2010) proposed
LEAP (LEsion Automated Preprocessing) which also uses NABT
classification but extracts the NAWM histogram properties to
obtain its intensity peak and noise properties to fill the lesion
region. Later, Battaglini et al. (2012) proposed an approach
implemented in FSL1 which fills the lesion with random intensity
values from the surrounding NABT distribution of WM and
partial WM volumes. These methods focused on reducing the
impact of white matter lesions and have been shown to improve
results for cortical GM atrophy measurement (Ceccarelli et al.,
2012; Magon et al., 2014; Popescu et al., 2014) as well as for
white matter atrophy estimation (Chard et al., 2010). However,
methods such as basic inpainting use the surrounding voxels
to fill and propagate intensities and thus can potentially fill the
1http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/
lesion regions with undesired intensities. The main limitation of
these methods is their assumption that only WM should contain
lesions. Furthermore, these methods rely on tissue classification
which can be challenging in presence of MS (Derakhshan
et al., 2010) due to the underlying neuropathology affecting the
NAWM intensity (Vrenken et al., 2006).
In the computer vision community, the field of image
inpainting has the goal of producing a plausible image after
the removal of a region defined by an operator. Inpainting
is often used to restore image deterioration (e.g., scratches,
dust speckles. . . ), remove or add elements (e.g., text elements,
publicities, persons. . . ) from the remaining information of the
image. The main inpainting methods in the literature may be
categorized as being sparsity-based, variational, and patch-based.
Bertalmío et al. (2014) provides an interesting review of the
inpainting literature. Here we describe a patch-based approach
inspired from methods that were initially proposed for texture
synthesis. During the last few decades, several paradigms have
been used in computer vision. First, the method described in
Efros and Leung (1999) has proven to be effective, using an
“onion-peel” strategy to fill the region from its outer surface to its
inner core. Their method compares the available patches (small
regions of the image) and fills the considered “empty” central
voxel of a patch (a small nxn area, where typically n = 5.15)
with the central voxel intensity value of the most similar patch
before moving to the next voxel to be filled. Later, Criminisi
et al. (2004) proposed an exemplar-based approach which fills
the whole patch instead of the central voxel for faster processing,
while prioritizing the filling of edges first. Despite impressive
visual results, several limitations remain for these inpainting
algorithms. The main limitation is that by using only the best
match sample chosen could be corrupted or not a perfect match.
More recently, the Non-Local Mean (NLM) method, used to
compare patch similarities initially proposed for image denoising
(Buades et al., 2005), takes advantage of the image redundancy by
using a large number of patches instead of the closest one and has
been applied to 2D image inpainting (Wong and Orchard, 2008).
Although using patch-based inpainting strategies has shown
promising results in computer vision in natural and artificial
scenes, it has yet not been fully exploited in medical imaging.
This approach presents the enormous advantage of not requiring
any tissue segmentation a priori, and allowing rough larger
lesion delineations. Another advantage of not requiring tissue
classification is that the method does not depend on specific
image contrasts. Indeed, our inpainting approach can be applied
to any types of MRI acquisition protocols. Inspired by the
computer vision inpainting techniques, we used an exemplar-
based NLM inpainting strategy in the context of MS lesion filling
in MRI (Guizard et al., 2013). The proposed method consists
of a concentric filling strategy. After identification of the lesion
region, the lesion is filled using an onion peel strategy where
concentric layers’ voxels of the lesion are successively replaced by
the weighted average of the surrounding normal patches (detailed
below). Inspired by our initial NLM lesion inpainting technique
(Guizard et al., 2013), Prados et al. (2014) applied a similar
approach with a different initialization strategy (they used the
original voxel values) and smoothed the NLM result. Here, we
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propose to improve the initialization and the convergence using
a hierarchical framework, which synthesizes the image intensity
variability in the lesion mask.
In this article, we provide a thorough validation using
simulated lesions on healthy subjects where we assessed the
similarity of the inpainted lesion images and the original images
using peak signal noise ratio (PSNR). We also performed power
analysis on longitudinal MS patient data to detect changes over
time. We compare our proposed method to three different
publicly available MS inpainting methods: LWMI (Sdika and
Pelletier, 2009), LEAP (Chard et al., 2010), and FSL lesion filling
(Battaglini et al., 2009).
METHODS
In the following section we first describe the NLM inpainting, the
Filling Strategy and the proposed hierarchical approach. Here,
given an image I and the lesion ROI (L), we define the inpainted
image Iˆ at the voxel location i as to obtain the final image I∗,
such as:
I∗(i) =
{
Iˆ(i)∀i ∈ L(i)
I(i)∀i /∈ L(i). (1)
NLM Inpainting
The propose NLM inpainting approach takes advantage of image
redundancy to locally average similar realizations of the image.
Indeed, the idea of the NLM was initially proposed for image
denoising (Buades et al., 2005) to reduce the noise of the image by
averaging the voxels of patches that would have the same intensity
in the noise-free image. Similarly to denoising, our inpainting
strategy exploits the redundancy of the image to fill the lesion.
The patch distance estimator (dist) used for denoising is here
adapted for inpainting by comparing the patch P(I(i)) centered
on i (in red in Figure 1) with the patch P(I(j)) centered on j (in
green in Figure 1) within a certain search area ():
dist(P(I(i)), P(I(j))) =
∑
x∈P(I(i))ˆy∈P(I(j))|i∈L∗ ˆ j∈
(
I(x)−I(y))2
(2)
where the voxel i belongs to the considered lesion mask layer L∗
(in yellow in Figure 1).
This distance is then used to computed the weighted function,
w(i,j), designed to attribute a smaller weight to greater distance
measures of the corresponding patches P(I(i)) and P(I(j)), such as:
w
(
i, j
) = e− dist(P(Iˆ(i)),P(Iˆ(j)))h2 (3)
where h2 is a chosen smoothing parameter, discussed in the
following section.
Once the corresponding distance with i of every voxel j
belonging to  is estimated, the ROI, L∗(x), is filled with the
weighted average:
Iˆ (i)i∈L∗ =
∑
jǫ w
(
i, j
)
I
(
j
)
∑
jǫ w
(
i, j
) (4)
Filling Strategy
The filling strategy is important in image inpainting in order to
preserve continuity of edges and visual consistency present in the
true image. The proposed NLM inpainting strategy consists in a
hierarchical inpainting of concentric layers, iterated for different
smoothing parameters.
Concentric Filling
The concentric technique presents the advantage of propagating
the local information and therefore the continuity of the anatomy
(Efros and Leung, 1999).
Cubic patches of voxels from the outermost layer to be filled
are compared to patches from the surrounding voxels not in
the lesion mask L. After filling a layer of L, this process is
repeated on the next interior layer of the new lesion mask, L∗,
until reaching its core. Only voxels outside of L∗, thus including
the already inpainted voxels, are used during the patch distance
estimation.
Hierarchical Inpainting
In order to optimize the performance of the NLM inpainting
and to reduce the ambiguity in the case of large lesions (Liu and
Caselles, 2013), we embed the filling strategy within a hierarchical
multi-resolution framework.
Starting from the downsampled resolution and the outside
layer of the lesion mask, the process fills the next interior layer
until reaching the center of the lesion mask before moving to
the next hierarchical level where this process is repeated. The
original image and its lesion mask are interpolated at different
resolution scales (k) using, respectively, tri-linear and nearest
neighbor interpolations. Starting from the lowest resolution level,
the inpainting results of the innermost concentric layer are
then used to initialize the following level. The inpainted regions
of lower k levels are interpolated using tri-linear interpolation
to the k-1 level to replace the voxels filled at the previous
iteration.
Smoothing Parameter (h2)
Within the NLM approaches, h2 is critical to attribute weight
to the most similar patches. For our inpainting problem,
decreasing h2 attributes less weight to less similar patches
while a bigger h2-value tends to provide smoother inpainting
results. Therefore, for each inpainted voxel at each hierarchical
level and each concentric layer, we iterate the NLM inpainting
with the following successive h2-values [0.9, 0.7, 0.5, 0.3, 0.1].
Starting the inpainting of the considered voxel with a big h2,
we initiate the voxel filling with a smooth value with respect to
the neighborhood (). Then, successively decreasing h2 to 0.1
is equivalent to searching for the most similar patch (i.e., the
minimum intensity distance) in , thus synthesizing the finer
image textural details.
The concentric and hierarchical inpainting processes are
graphically illustrated, respectively, by the “Layer” and the
“Level” axes in Figure 1. In the following experiments, we used
three (k = 3) isotropic resolution levels (4, 2, and 1mm) with
similar patch sizes (9× 9× 9 voxels).
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FIGURE 1 | NLM lesion inpainting strategy. The inpainting process starts with the lesion mask (L) of the original image (I) in the downsampled space k to obtain
the inpainted image of this level. Then, the inpainted region is upsampled into the image of the next hierarchical level. The inpainting itself consists in finding the most
similar patches [P(j), in green] in the “non-lesion” region with the considered patch P(i). All voxels in white are not considered during the patch distance estimation. The
concentric filling is described by the boundary of the current mask (L* in yellow) shrinking by one voxel at the next “Layer”. The original lesion mask L is reinitiated at
the beginning of each hierarchical “Level.”
EXPERIMENTS
In the following section we describe (1) the data used in our
experiments, (2) the simulated MS lesion data such that the
original MRI intensity information can be used as a ground truth,
(3) the longitudinal power analysis to detect brain atrophy, and
(4) the different methods evaluated.
Data
The Montreal Neurological Institute research ethics committee
gave approval for this study and all subjects gave informed
consent. To evaluate the proposed algorithm, two neuroimaging
datasets were used anonymously:
• From a multi-site clinical study with 67 relapsing-remitting
MS patients (RRMS, mean age 37.5 y, SD 10.0 y). Each patient
underwent an MRI at two time points, baseline (m00) and 12
month (m12), that included sagittal T1W (TE = 9 − 11ms,
TR = 30 − 40ms, flip angle = 30◦, in-plane resolution =
0.977 × 0.977mm2, slice thickness = 1.5mm), T2W (TE =
65− 104ms, TR = 3666− 8585ms, flip angle= 90◦, in-plane
resolution= 0.977× 0.977mm2, slice thickness= 3mm), and
PD (TE = 10−18ms, TR = 2200−3800ms, flip angle= 90◦,
in-plane resolution = 0.977 × 0.977mm2, slice thickness =
3mm) images. The MRI data were acquired on 1.5T scanners
from different manufacturers: GE (n = 20), Philips (n = 18),
and Siemens (n = 29).
• From this RRMS database, we randomly selected T1W
images of 20 MS patients to simulate realistic MS lesions on
BrainWeb simulation MRIs (http://brainweb.bic.mni.mcgill.
ca/brainweb/; Collins et al., 1998) from 20 healthy subjects
(Aubert-Broche et al., 2006).
Although the application of our inpainting method is not limited
to a specific imaging modality, T1W images were chosen since
they are acquired as part of many standard imaging protocols and
are widely used to assess longitudinal volume changes in MRI. In
addition, this modality was used by the other inpainting methods
we wish to compare to in this analysis.
Artificial MS Lesions Validation
The different inpainting methods are evaluated using artificial
numerical MS lesions that are simulated on healthy subject MRIs.
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Simulations are done using the strategy of Brett (2001), whereby
MRI data from MS patients are used to simulate WM lesions
on healthy subject MRIs. Here, the goal was to create T1W MS
lesions for which we know the underlying ground truth (from the
healthy subject data) such that we can compare inpainting results
across different methods.
The simulation, illustrated in Figure 2, was performed on the
healthy brain image (H) using real lesions from the MS patient
image (M), and can be summarized as follows:
1. Pre-processing: (i) intensity non-uniformity correction (Sled
et al., 1998), (ii) intensity normalization using linear
histogrammatching, and (iii) linear registration (Collins et al.,
1994) to the stereotaxic ICBM152 template.
2. Tissue classification of H and M: after an automatic
segmentation of the WM, GM, cerebrospinal fluid (CSF) and
T2W MS lesions (only on the patients) by a multi-spectral
Bayesian classifier (Francis, 2004) using the T1W, T2W, and
PD images. From prior probability model of the segmentation
estimated from a training dataset, theM is segmented using
Bayes’ theorem, where the distribution of each tissue classes is
used to estimate the parameters of their Gaussian distribution.
The automatic T2W lesion outlines of M were superimposed
on T1W, T2W, and PD for manual reviews. Experts who
underwent extensive training on similar MS patient MRI data
carefully reviewed the MS lesion mask, L.
3. For each H:M pair: Compute the voxel-wise intensity ratio
(R) of the healthy WM (obtained from stage 2) intensity
average (WMa) and the T1W voxel intensity of lesion tissue
[T1WM(i)] from the corresponding manually-corrected mask
(L) ofM for a voxel i:
RM (i) =
{
T1WM(i)
WMa
1
∀i ∈ L
∀i /∈ L (5)
4. Estimate the non-linear transformation (NLreg) between M
and H (Avants et al., 2008).
5. Using the transformation (NLreg), interpolate spatially R and
L into the H space and obtain R’ and L’.
6. From the interpolated R’ and L’, create a new image (H’) where
the final image intensity voxels equal R’ × H where the lesion
(L’) is defined and H everywhere else.
The six steps are repeated for the 20 H:M pairs. The resulting
simulated dataset allowed us to assess the impact of the patch
search radius for the proposedNLM inpainting before comparing
it to state of the art inpainting approaches.
As a means to evaluate the inpainting algorithms, we can
assess the fidelity of the restored image I∗ by comparing it to
the original image I. In the computer vision literature (VQEG,
2003; Wong and Orchard, 2008; Fadili et al., 2009), this is often
done using the peak signal to noise ratio (PSNR) by measuring
the ratio of the maximum possible power of the signal and the
mean squared error (MSE) between the restored and the original
image:
PSNR = 20.log10
(
MAX1√
MSE
)
(6)
FIGURE 2 | Flowchart of the lesion simulation
where MAX1 is themaximum possible pixel value (255 for 8 bits
voxel storage) while MSE is estimated within the lesion mask, L,
between the original image I (before adding the lesion) and the
inpainted version, I∗:
MSE = 1
n
n∑
x=1∈L
∥∥I∗ (x)− I (x)∥∥2 (7)
where n is the number of voxels. Thus, in this MS lesion
simulation framework, we expect a smaller MSE, and thus a
higher PSNR when the reconstruction is more similar to the
original image.
We first evaluated the performance of our NLM inpainting
approach for different search area radii, which is an important
factor to find similar patches. The size of the search radius also
influences the computational burden.
We then assessed the PSNR results of the different inpainting
methods while simulating potential manual lesion segmentation
variability and lesionmaskmisalignment. This is done by varying
the original lesion mask boundary (β0) with morphological
operations on the ground truth lesion mask, through dilation by
1 or 2 voxel layers (β1 and β2) around the whole lesion mask
volume. This will enable characterization of the methods with
respect to smaller or larger lesions.
Longitudinal MS Data Validation
In the second set of experiments, our proposed inpainting
technique is evaluated and compared to three different publicly
available inpainting algorithms and a masking technique using
real longitudinal MS patient data in order to determine the
impact of the method on the power to detect longitudinal volume
changes.
The longitudinal MRIs were pre-processed using steps (1)
and (2) of Section Longitudinal MS Data Validation in order to
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obtain the lesion segmentations for each subject’s time-point. All
inpainting techniques used to the same set of lesion labels for the
comparison.
In order to compare the performance of the inpainting
methods, the popular longitudinal atrophy measurement tool
SIENA (Smith et al., 2002) was used to measure the percent
brain volume change (PBVC) as well as the percent ventricular
volume change (PVVC) in the MS dataset. SIENA starts with
brain and skull segmentation (Smith, 2002) to perform skull-
based registration and analysis in the half-way space of the
subject. Then, the brain and non-brain boundary is estimated
from tissue classification (Zhang et al., 2001) before computing
the perpendicular displacement between the brain boundaries of
the two time-points. Finally, the surface displacement is averaged
to obtain a global estimate of PBVC, and the PVVC if ventricle
masks are used instead of brain masks.
Statistical comparison of the inpainting approaches was
conducted using power analysis where we estimated the sample
size (per arm), n, required to detect pre-specified treatment effect
without accounting for normal aging atrophy (Anderson et al.,
2007), such as:
n = 2
[(
a + b)]2σ 2
(µ1−µ2)2
(8)
where µ1 and µ2 are the mean rate of volume change
in the placebo and treated groups, respectively, and σ 2 the
corresponding variance of the rate of change. Here, we only had
a control MS group, we thus estimated sample sizes for 10, 30,
and 50% treatment effects, so that u2 = u1 ∗ (1 − 0.10), u2 =
u1 ∗ (1−0.30), and u2 = u1 ∗ (1−0.50), respectively. The analysis
was conducted with 80% power (a = 0.842) and a significance
level of 0.05 (b = 1.96). The 95% confidence intervals were
estimated by bootstrapping 10,000 times. The treatment effect
are derived from previous clinical trial studies, where treatment
effects on RRMS brain atrophy was around 50% (Rudick et al.,
1999).
Methods Compared
We compared our method to 4 other methods that deal with MS
lesions: 3 inpainting methods and 1 masking method:
• LWM (Sdika and Pelletier, 2009) estimates the tissue classes of
the NABT to fill the lesion with the intensity average of the
surrounding NAWM. Because this method is not publically
available, we implemented our own version.
• LEAP (Chard et al., 2010) also uses tissue classification of
the NABT but applies the intensity properties of the NAWM
histogram to the region being filled. LEAP is available at:
http://www.nmrgroup.ion.ucl.ac.uk/analysis/lesionfill.html.
• FSL lesion filling (Battaglini et al., 2009) fills the lesion
from random intensity values estimated in the surrounding
NABT after estimating the tissue WM and partial WM
volumes. The FSL lesion filling method is available at:
http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/lesion_filling.
• Masked-out: We also evaluated the impact of removing the
MS-lesion for the longitudinal analysis by masking the lesion
out (or so called “Masked-out” approach, Battaglini et al.,
2012).
RESULTS
Artificial MS Lesions
NLM Inpainting Search Radius
The NLM inpainting algorithm does not require a-priori
knowledge of the NABT, GM, or WM and searches for the most
similar patches throughout the whole brain. However, as shown
in Figure 3, the PSNR plateaus around a radius of 10 voxels (note
the discontinuous× axes), precluding the need of doing a brain-
wide search. As such, a search area radius of 10 voxels was used in
the remaining experiments since it provides a good compromise
between reconstruction fidelity and computational burden.
Inpainting of Simulated MS Lesions
Here, we compare the NLM inpainting approach with LWM,
FSL, and LEAP, while incorporating segmentation variability by
simulating different lesion boundaries from the original lesion
segmentation (β0). We do not compare to the Masking-out
technique, as it does not attempt to model the original data.
Figure 4 presents the PSNR results of the inpainting strategies
for 3 different levels of lesion mask boundaries. We can notice
that NLM outperforms the other methods regardless of the lesion
mask size (β0, β1, and β2).
A One-way between subjects ANOVA was conducted to
compare the effect of inpainting on the PSNR reconstruction
measure [F(4, 135) = 6.40, p < 0.01]. The Bonferroni-adjusted t-
test analysis revealed that NLM is significantly better than LWM
and LEAP (p < 0.01) with β0 and these results are summarized
in Table 1.
NLM’s PSNR is stable when β increases since this approach is
not specific to WM intensity distribution which can be altered
when the mask used to compute the PSNR becomes bigger than
the actual simulated lesion.
Figure 5 illustrates examples of the inpainting results for the
different techniques based on original images and the simulation
of three different lesion types. The 3 cases were chosen to visualize
typical large (A), medium (B), and small (C) peri-ventricular MS
lesions. Visual inspection of the lesion filling with NLM shows
qualitatively more plausible contrast, intensity gradients, texture
and anatomy compared to other methods. For example, in case
A, the NLM inpainting recovers the curved contour of the lateral
ventricles despite the fact that the lesion mask reaches the CSF
boundary. This is not the case for the LWM and LEAP methods;
both show some “bleeding” into the ventricles (red arrows in
second row of Figure 5). In addition, on cases Figures 5B,C,
the WM/GM boundary gradient is more gradual with NLM and
more faithfully reproduces the original contrast. Furthermore,
the overall texture of the NLM reproduces the surrounding
noise level, while LEAP tends to over-smooth and FSL seems
to introduce noise (black dots highlighted with yellow arrows in
cases Figures 5A,B).
Finally, NLM presents consistently better PSNR results
regardless of the lesion size as we can appreciate on Figure 6.
The simulated lesion PSNR increases with lesion size due
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FIGURE 3 | PSNR measure and computation time of the proposed NLM method for different search area radii. The boxes represent the lower and upper
quartile with the median as the central black line and the mean with a red cross. The whiskers extend to the most extreme data point. Note that the x-axis is
discontinuous after 10 voxels.
FIGURE 4 | PSNR of the simulated (no-inpainting) and inpainted images with the 4 techniques when compared to the original images for different
lesion mask boundaries (β). Statistical analysis at β0 is reported in Table 1.
TABLE 1 | Mean average and standard deviation (SD) of the PSNR for the simulated images without inpainting (no-inpainting) and the different inpainting
methods with the original lesion mask (β0) and Bonferroni-adjusted multi-comparison t-test of the PSNR results.
Simulation (no-inpainting) LWM FSL LEAP NLM
Mean PSNR 20.25 20.89 22.46 21.75 23.52
SD 1.38 3.47 1.01 2.33 1.42
t-test with NLM [(t-value, df), p-value] [(8.68, 27), <0.01] [(5.32, 27), <0.01] [(2.56, 27), 0.03] [(5.43, 27), <0.01]
The bold score represent the highest mean PSNR measure.
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FIGURE 5 | Lesion simulation examples with the original image, MS lesion simulation and the different lesion filling results LWM, FSL, LEAP, and NLM
for three different lesion sizes [(A) = large, (B) = medium and (C) = small]. The red arrows point to anatomically improbable lesion filling results, the yellow
arrows point to intensity problems while the green arrows point to plausible and realistic anatomy. The original lesion boundary and the red square on the axial image
depicts the zoom-in image region shown below it. Note that these images were generated at β0.
to the simulation limitation which simulates T1W lesions
from the original lesion mask obtained for T2W lesion
resulting in generally “bigger” lesion masks. Therefore, this
over segmentation results in simulated tissue intensities that are
similar to the healthy tissue (Figure 5).
Longitudinal MS Data
Lesion Inpainting on an Individual MS Longitudinal
Dataset
In Figure 7, we show examples of lesion filling on longitudinal
data from an MS patient using LWM, FSL, LEAP, and NLM. As
can be seen on the original T1W images, the lesion boundary has
changed between the two time-points. This is likely affecting the
inpainting results, since as discussed previously and described
in Figure 5, the performances of LWM, FSL and LEAP are
more affected by lesion boundaries than the NLM method. This
limitation can be appreciated by comparing the right and left
panels of Figure 7, where the extent of the inpainting “bleeding”
into ventricles is different for the different time-points. Clearly,
this would lead to erroneous longitudinal measures of ventricular
enlargement, for example. In contrast, NLM lesion filling seems
to providemore plausible contrast and tissue boundaries gradient
that are consistent between both time-points (panel m00 and
m12).
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Power Analysis of Brain Atrophy Measures
The longitudinal analysis of brain atrophy (PBVC) and
ventricular (PVVC) enlargement measurements for all 67
FIGURE 6 | Lesion-wise PSNR results for the 20 simulated images
(no-inpainting) and the inpainting approaches (LWM, FSL, LEAP, and
NLM).
MS subjects using SIENA are summarized in Table 2. The
inpainting (LWM, FSL, LEAP, NLM) and the masking strategies
resulted in similar mean PBVC and PVVC changes of
about −1.1 and 3.8%, respectively. However, NLM has the
smallest variability (PBVC SD = 0.83% and PVVC SD =
4.28%) thus leading to the smallest required sample sizes to
detect changes across all assumed treatment effects (10, 30
and 50%). In fact, NLM inpainting leads to a reduction in
the number of subjects by a factor of 14% to detect brain
volume changes and 21% to detect ventricular enlargement,
compared to the volume change estimation on the original
data.
An example of the SIENA brain boundary change results
for one subject can be seen in Figure 8. The figure shows
unexpected focal boundary fluctuations (red arrows) in locations
where lesions were present on the “original” image without
lesion inpainting and with lesion masking but also with WML,
FSL, and LEAP lesion inpainting. These changes are particularly
visible in regions of larger lesions (e.g., peri-ventricular
region). The inpainting approaches reduce these fluctuations
but the NLM inpainting results show the most homogenous
changes across the boundaries. This likely contributes to the
FIGURE 7 | Example of lesion inpainting on real longitudinal MS data from one patient at baseline (m00) and 1 year later (m12; first row) for the
different methods (LWM, FSL, LEAP, and NLM). The red arrows point to anatomically improbable lesion filling results while the green arrow points to plausible and
realistic anatomy.
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TABLE 2 | PBVC and PVVC SIENA results and 10,000 bootstrapping sample size estimation, with a power of 80% and a confidence interval of 95% for
different treatment effects (10, 30, and 50%) between m00 and m12.
Method PBVC PVVC
Mean % (SD) Sample size Mean % (SD) Sample size
10% 30% 50% 10% 30% 50%
Original –1.12 (0.94) 1171 130 47 3.85 (5.24) 583 65 24
829–1740 93–196 33–71 329–1145 37–125 13–46
Masked-out –1.15 (0.98) 1106 123 44 – – – –
788–1638 98–183 31–66
LWM –1.08 (0.95) 1117 124 45 3.76 (4.81) 555 62 22
806–1661 90–185 32–66 333–1070 37–114 13–42
FSL –1.13 (0.94) 1153 129 46 3.82 (4.79) 539 60 22
829–1730 92–193 33–69 316–1026 35–114 13–42
LEAP –1.12 (0.94) 1179 130 47 3.97 (4.88) 506 56 20
847–1769 92–193 34–71 308–956 34–108 12–38
NLM –1.14 (0.83) 999 110 40 3.93 (4.28) 446 49 18
763–1389 84–152 31–56 297–727 33–2 12–29
The smallest sample sizes are in bold font. Note, that PVVC cannot be estimated with the Masked-out approach.
FIGURE 8 | SIENA brain boundary changes (atrophy = blue and growth
red) of the “original” images and with the different strategies to
account for lesions (Masked-out, LWM, FSL, LEAP, and NLM). The red
arrows point to anatomically improbable boundary changes while the green
arrow points to plausible and realistic boundary changes.
lower variability that this method provides across the whole
dataset.
DISCUSSION
In this work, we propose a new inpainting NLM method
to replace MS lesion ROIs with intensities from surrounding
normal-appearing brain tissue. We demonstrated the efficiency
of our approach in the context of longitudinal image analysis. The
proposed approach presents the advantages of not requiring any
pre-processing (after lesion identification) and could be applied
to any MR image contrast. With MS lesion simulations and with
RRMS 1-year longitudinal brain change measures, the results of
this study show that the proposed method was superior to the
most commonly used inpainting approaches. Furthermore, the
qualitative visual results of the proposed approach are realistic
and anatomically plausible.
On simulated MS lesions our inpainting approach allows us
to reproduce with the best fidelity the original “lesion free”
MRI images. Using the NLM operators allows replacing a lesion
voxel with voxels having the most similar patches without any
explicit a priori tissue classification of the healthy tissues. The
different boundaries of the lesion masks confirmed this, where
bigger masks of the actual lesion do not affect the fidelity of
the reconstruction. Therefore, the definition of the lesion mask
does not require an accurate definition covering only the affected
whitematter tissues but a rather “bigger”mask definition. Indeed,
because of the propagation strategy using concentric layers, we
suggest applying a morphological operator to dilate the lesion
mask ROI in order to effectively avoid the propagation of affected
tissue intensities.
The evaluation of the different methods in the context
of longitudinal brain atrophy and ventricular enlargement
measures qualitatively and quantitatively favor the proposed
NLM inpainting algorithm. These results suggest that MS lesion
inpainting in the context of clinical longitudinalMRI studies have
substantial advantages to detect brain atrophy and have already
proven to improve some longitudinal structural measurements
(Nakamura and Fisher, 2009; Magon et al., 2014). MS lesions
are more frequently located in the peri-ventricular region of
the brain (Narayanan et al., 1997). This spatial preference could
explain the stronger improvement in power to detect ventricular
enlargement for the NLM inpainting.
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In this study, we only consider WM lesions and T1W images
as do most of the inpainting approaches available in MS imaging
(LWM, FSL, and LEAP). These approaches require modification
of their algorithm to fill GM lesions. But, in MRI studies, GM
or cortical lesions have been found in the majority of the RRMS
populations (64%; Calabrese et al., 2009). Our method, which
does not depend on specific image contrasts, is more flexible in
that it can deal with any region where the intensities need to be
replaced by intensities from nearby normal regions.
We initially proposed to use the NLM as an inpainting
operator (Guizard et al., 2013). In this paper, we provide a
more thorough validation as well as some improvements on our
original approach. Our initial approach inspired Prados et al.
(2014) to develop a similar inpainting method based on the
NLM, however, their method is different as they only estimate the
minimum intensity distance patch before applying a smoothing
kernel. Here, we improve on our initial method by proposing a
pyramidal hierarchical filling strategy, which enables to capture
more structural information at a lower level, propagating this
inpainting to the next level. While Prados et al. (2014) search
for the most similar patch throughout the whole brain, we show
here that inpainting results plateau after at a certain search area
distance radius. We believe that the NABT intensities might not
be similar across the whole brain, thus limiting the search to a
certain distance from the lesion seems adequate. Furthermore,
this limited search area reduces the computational burden in
comparison to searching over the whole brain area.
On the clinical experiments, the estimated sample size
required with SIENA in the current study was smaller (130
with a 30% treatment effect on the original version of SIENA)
than previously reported by Anderson et al. (2007) (191
with a 30% treatment effect). These differences could be
explained by different factors such as the RRMS population
treatment, difference of power (90% for the later) and the study
design.
Future work will focus on combining automatic lesion
segmentation (Guizard et al., 2015) with the proposed inpainting
approach to provide a fully automatic approach. We plan
to assess the impact of lesion inpainting in the context of
longitudinal non-linear registration and diffusion weighted
imaging in order to assess the focal atrophy in the surrounding of
the lesion without the confounds due to the presence of lesions.
CONCLUSION
We developed a technique to replace tissues of interest, such as
MS lesion, with healthy appearing tissues in order to perform
cross-sectional and longitudinal image analyses. The method is
robust and can improve the statistical power of detecting brain
atrophy in MS. Furthermore, the proposed approach does not
require any other image pre-processing than the lesion masking.
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